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Abstract: Decomposition is a conventional optimization method, dreddifferential evolutionary algorithm is widely
applied in the multi-objective optimization problems (MPR novel algorithm—ADEMO/D-ENS which combines the
two algorithms, the adaptive differential evolutionarga@ithm and the decomposition with variable neighborhoaé,s
is proposed to overcome the drawbacks of the classicalréiffial evolution algorithm and the decomposition method.
The approach makes use of the Tchebycheff method to decenthbesnulti-objective optimization problems into scalar
optimization sub-problems. And the sub-problems are dp&ithby neighborhood relations among them. The adaptive
selection approach based on ensemble of neighborhoodssised to determine the neighborhood size. Meanwhile, the
probability match adaptive method is used to select difféaéstrategy from the differential strategy pool. Moregwthe
complexity of the algorithm is analyzed. Finally, compareith the classical non-dominated sorting genetic algorgHl
(NSGA-II) algorithm and the multi-objective differentievolution algorithm (MODE), simulation results verifiedittthe

ADEMO/D-ENS approach can deal with the multi-objectiveioyitation problems more effectively.
Key words. decomposition; ensemble neighborhood size; probabilaycting method; differential evolution; multi-

objective optimization; complexity analysis
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problem

% BRI R — AR R P
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BE M Paretaii v FIARAL )8, (B EIAN R 2 HE M (B
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3.3 HZEHHr(Complexity analysis

Ak 37 i HE 38t 4% 575 (non-dominated sorting ge-

netic algorithm Il, NSGA-II}& — % T3k 2 i HE 5
FrERIPIERE 2 BRI, R0 2 Bt
ERIMFBRE, CHBEIATARZ B fr i 8,
WA T 52 B bsiuib ) g2 10,

1) ZHHEIE.

5 ADEMO/D-ENSEIEFINSGA-II5E BA A1
[T F RN, e — %k Aud #2H, ADEMO
ID-ENSE. T 4EF7 N A K N SR FPBE, 75 AT
[HHO(N), NSGA-IEVELEIE L AL HE P il 72 75 B A7
it 2= 18 M O(N?), ZE BT IE B o S FE 77 B A =
] 5 O(N), B 1, NSGA-IIS 3 7 B A7 i 25 18] b
O(N?). B4R, ADEMO/D-ENSH 7 tENSGA-IIE %
WH T REZN.

2) WA AR,

o R L R A AH F AT LN, 7218
WIER IS FE H, ADEMO/D-ENSE I HE 2 I [A] 22
LRSS BB R, TR EO(m - NR - N),
NSGA-IE LT EI I HO(m - N?), B BT
I} O (m- N R-N) /O(m-N?)=0O(NR)/O(N),
MNR < N, Frb EAHFERCE ST, ADEMO/D-ENS
BB NS GA— S 0 B .

34 HESI(Procedurg

ADEMO/D-ENSEVEFRFSLIP BN T :

Step 1 #lhHtk:

Step 1.1 WEESH, - ENENMEN =
(AL AL, - AL, i=1,2,- -+ N; HIIR A6 AT 480 Fh B
MR, = Un, 8 WA EREENS, (tH 558
iR R BB T M ERGIRAG) = {1, - ,ir};

Step 1.2 FEAYIMEMBEPY = {2, 2N}, IF
HEAMEREN EEFV =F(2)); 911 = (2,

o 7zm)7 Rj = 122}\[ fj (xz)’

Step 1.3 WERMIEFME, = 1/K, WAvF
ffiz¥q = 0;

Step 2 ARALEEHT:

AN A LR,

forir=1,---,N,do

Step 2.1 HAEZESTRAETHE P,

Step 2.2 XfEE—NRAXT, BTy, A RIS

EFRAEE T HUTEDBAE, P AETRy, R (12)
XYEIE, 132y,

Step 2.3  HRFZRETEB IEyn;

Step2.4 Bz M4y =1,--- ,m, APH
FEIE—MMAEE, #Fg-Teh(yw| ¥, 2%) <g-Tch(x®| A,
2*), Wy FRIBfE", EFrz;

Step 2.5 MR KEnr =0,

1) #inr=N RELP A 45 (B S A B A 1 5EHT),
M PS: {2ty - -+ 2N}, PFA{F (2Y),- -, F(zM)},
I, PR B BEHLERr j;

2) WHg Tch (yu|A7, 2*) <g Tch (x™ |\, 2*),
Mz = yu, FV™ = F (yn), nr = nr + 1, A\PH
Mlkzrg, [E12]1).

Step 2.6  HIR(7)— (9)EHEMAL TR ), (9);

g=g+1,

Step 2.7 XA NSs, EF W, MW, , R
mod (g, LP) ==0, HzX(5)—(6) E B4Rt i
Kp., FRHW, FW s, ,BEHEO, AT —HLPH
.

Step 3 R FIEAT ILHER, T HPS: {2, -,
2V}, PFAF (2Y),--- , F (zV)}.

4 {HE4Hr(Simulation analysis

SR [ BRI ES T

ERHIESH XX BHECR=1.0, %8 H TF
=0.5, FHEME P e =0.75, LT REF KL, =
Un, n ARFAEYEL, ZAERSMSHT = 20.

PMEENFESE: BiEN o = 0.3, 85K
W BN D i, = 0.05.

BARIAMARF S HA . AR NS = {30,
60,90, 120}, M AR Fh B o 1B B AR g =
0.9, I FHILP = 50.

Fihb, BT AR R B KA Eonr Bl A
FEHBA R AR 4L, W& nr = 0.01-N.

PELSANA & % ZDT1, ZDT2, ZDT3, ZDT6H
SCH.

4.1 SEBURM:S T (Parameter sensitivity analyyis

4.1.1 Fh B P B X Bk 19 2 m(Population size
impac)

W B IEACIRBLG ax = 500, FIEERILSY 5 AN =
300, 600, RLEFMX K ZDTL, ZDT2HZDT3H
SIRTRR AN B e IR ), RN 53 )
{HE15X.

F145 R, BRZDT2IIGD T Z 4k, FBEN =
600, IGDIIIIMES T Z TN = 3000)39ME R JT 2%,
VLHFEEN = 60044 pR BTG DAEAE A B3 1)
AN = 300MI3ME /A AN LRI 5, (H T 2/
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BRI/, 1078108, PR AP EESR 15 [ Pareto
URLER S A AR 2R IR, s E R
ZRIFARTRA, BB 102, Kt Paretdi s IS
K, Bk, 269 B bt v, @R RAN = 600%h
TR,

& 1 ApREs Lk HAR 69 %
Table 1 Population impact on the performance of
the algorithm

WAReR%L i ¥E i
sp71 300 3.896E-3 3.399E -7
600 2.663E—3 1473E—7
spTp 300 3.245E-3  9.077E -8
600 2.102E-3 1.543E—7
spT3 300 3.246E-3  2325E -6
600 2.039E—3 5.394E—7

4.1.2 ERIRBOTHEBHIE W (Iterations impadt

WE RN =600, &R IKEL G L = 300,
500, F23EFMRFFZDT2, ZDTIMZDT6H E /T
EAR IR BN FE M Re 2w, BN R 55
H15/X.

& 2 BRRBATF R YR
Table 2 Iterations impact on the performance of
the algorithm

Mm% BEARE WiE %
2072 300 1.996E — 3  2.1448E — 8
500 2.102E -3  8.205E — 8
2DT3 300 2458E—3  8.111E—7
500 2.039E—3  5.394E—7
2DT6 300 4.798E -3  1.277E — 6
500 5.075E—3  2.792E — 6

RN AR B EHIER KB N, ZDT2MZDTe/PE
Retebn S BB 7 22 RT3 K, TZD T3/ 1 R $a
WS E AR T5 Z R IR B I 3G N3 — &
kg, XU, X EARZ BRI R ECR i Paretds:

AR, FEXT B H S R MA KT T, AEH
RIS HH R, EAIREOTIE 3.

MRIFNR2M45F, FTLURIL, SRR RII%
RRES FME R FaAn S A . XA F SR
PRI, T IE 2 R B AR IR RIS AR, M TR E
P4k ], T8 R B R BN = 600, &R IR
G ax = 500.
4.2 B4 (Simulation analysis

AEAAL G B AR B E Paretaii v 5 4 1)@ T E
SEHTHS, H AR R B PP 300000%, I CABE B FREER
BN = 600, S KIERIREG 0 = 500, HMSHA

WEESAN IR % ZDT1, ZDT2, ZDT3, ZDT6f
SCH, ¥IGDRIFICE 2L g Ak G aAr 2 48, 4
TR R B A EASK. 54 % Bir =0t E
15 (MODE)FINSGA-IIGE VLR AT BT b, Wi B AR 3
YRR SR TTAT M. R EMODEREMADEMO
ID-ENSE. A # [F] i) 2 o BB 2 W S 5, 2 40 SR
EFE “DE/rand/Y , H3M & vk B A A F 1 &R
O Fh B AL, 3K ZRADEMO /D-ENS(AYE 1%
MODE (B3 2 CTatnS 4.

% 3 C(A, B) a3 4r 5%
Table 3 C(A, B) performance index parameter

WREH CA,B) C(B,A)
ZDT1 0.9867  0.0133
ZDT2 0.985 0.0133
ZDT3 0.9867  0.0317
ZDT6 0.9833  0.0117
SCH 0.9833  0.0117

RARTRAFEFAR B0 R B IGD H ReFats
%%, 11— 55 ADEMO/D-ENS(A)& i FIMODE(B)
BEXT IR B B AL J5 ) Paretai] ¥ A B SE Paretdi
i, 2, Pareto front 37"ADEMO/D-ENSE VARG
Kt Paretaifyy, Pareto front & ~xMODEH.:3k15
KA Paretaiiys.

& 4 BRKRBOTH R R
Table 4 Iterations impact on the performance of the algarith

ADEMO/D-ENSH NSGA-II5Z%: MODEHZ:
HUNENESE — — X
BE % A % A %
ZDT1  2663E—3 1473E—7 7.532E—2 6.451E—4 0.231 1.588E — 2
ZDT2  2102E—3 1543E—7 02354  1.985E-3 0.148 5.162E — 3
ZDT3  2039E—3 5394E—7  0.7538  1.643E-—3 0.817 1.282E — 3
ZDT6  5.075E—3 2.792E—6 4.021 0.247 4.989E —2  4.1665E — 4
SCH  1.028E—2 38I13E—6 1457E—2 2.036E-3 0.576 0.3098
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ST PR B K EL AN D 3.1 7%; 22435 B R 2 i)
YIME A5 Z 40T 4 8 FINSGA-IIE 1 FIMODES.
R EE R, R, T8 1 SHIx R Ry LA Y, B
SRADEMO/D-ENSH 72: FIMODES. 72 #f A 5 I 84
3| B Sz Paretqiy ¥y, {HADEMO/D-ENSE. 12: 15 3| 1)
Paretiif v (1) 22+ 1t A1 35 53 P 3508 TMODES i,
T H AR B $ZDT1, ZDT2FZD T3 sk, Pk,
J& i Paretai] ¥S 75 B S2Paretaii Vi 40 A EL e 347,
M ZD TR R £ IR A S5 SR 23 A B ST PR R 22,
7 f1€ (0.8, 1) H3E Bl W AHXT &, SCHINR B2
DAY Paretdii ¥ 75 P il i 45 FAH X R 22, HoAh
53 H1 45 FARXLLF

].0} T T T T T
0.9 f

0.8 E*
0'7 B o
0.6 1
051 .
04} %, .
03} Toog,, .
021 ‘ .
0.1r ’ .
0

H SEZPareto R Vi 4
Pareto front 1 |
« Pareto front 2

Ly

0 1 1 1 1 1 1 1 1 1
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Ji

Kl 1 ZDT1ESEHIY 5 ADEMO/D-ENSHI
MODEfAL. ) ParetaiT #y
Fig. 1 zZDT1 true front and optimized Pareto front by
ADEMO/D-ENS and MODE

1.4 T T T T T T T T

Lok S Pareto i |
’ Pareto front 1

1.0 f= . Pareto front2

0.8 k B

0.6 i

041 e ]

02F %, -

0'00.0 0|.1 0I.2 0.|3 0.I4 0.I5 0.I6 0.|7 o.ls 0.|9 10
Ji
Kl 2 ZDT2ESCHIY 5 ADEMO/D-ENSHI
MODEAL. ) Paretai ¥y
Fig. 2 zZDT2 true front and optimized Pareto front by
ADEMO/D-ENS and MODE
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2.0 T T T T T T T T
HESZPareto Ry
151 Pareto front 1 7
. Pareto front 2
1.0+ .
S 05 1
A
001 \ ' T
Y
051 \ e
_10 1 1 1 1 1 1 1 1
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